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INTRODUCTION
Human development has long been thought to have an influence on rainforest degradation.
The effect of many micro and macro-economic factors on forest degradation has been the subject of intense academic debates recently. In a review of 140 economic models on the causes of tropical deforestation, Angelson and Kaimowitz (1999) raises concern that some current economic policies may be putting pressure on tropical forests. Lanly (2003) suggests that the main determinants of deforestation in tropical and subtropical countries include the subsistence and plantation agriculture, cattle ranching, firewood use, timber exploitation as well as mining and road projects. Since the economies of these countries are based to a large extend on these activities, their Human Development Index (HDI) indices can uniquely capture the human activities that directly or indirectly affect the forest area. A recent study of the effect of human development on deforestation in biodiversity hotspots by Jha and Bawa (2005) uses correlation analysis to show that the pressure on the forests could be increased in countries with low development.
In this paper, we begin by shedding light on the design features, data and the characteristics of the variables involved (Section 2). We then examine the distribution of forests in Africa and underscore its size in the Congo basin. In the methodology (Section 3), we describe the models used in the analyses and present the results in Section 4. The interpretation of these results has been detailed in discussion (Section 5) followed by conclusion in Section 6.
STUDY DESIGN, DATA AND VARIABLE CHARACTERISTICS
In order to understand current trends of deforestation in Africa, data was collected for 35
African countries during the period 1990 -2007. The motivation for selecting many countries is to draw attention to country-level changes in the proportion of forest land and enable an assessment on the effects of forest conservation and reforestation policies. The period was chosen solely because of data availability of the indicators of interest. Since individual countries designate their own areas of forest conservation, reforestation and lumbering (in the case of legal economic activities), it is of interest to grasp the dynamics of changing forest sizes especially during a period when many African countries enacted new forest conservation laws.
The study design is longitudinal and hierarchical as the same indicators which are measured several times (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) are nested within the countries.
The variables and their characteristics are described in Table 1 
DISTRIBUTION OF AFRICAN FORESTS
Most of the forests in Africa are located within the tropical region. We observe in Figure 1 that the Congo basin represents the vast proportion of forest area with its countries The stage 1 model can be written as follows:
Where is the forest area of the ith country at the jth time point, and are the intercept and slope respectively of each country. These are also the fixed effects parameters.
is the time effect and are random error terms.
The stage 2 models are derived from stage 1 fixed effects in Eqn (1) to accommodate country specific intercept and slope.
The combined model described in Verbeke and Molenberghs (2009) is given as follows:
With the inclusion of the random effects of the intercept and slope, Hedeker (2004) shows that the population distribution of the intercept and slope can be assumed to be bivariate normal with mean and variance-covariance matrix of the random components given as:
This model is very conducive because it allows for situations in which forest size remains constant over time as well as changes in forest size over time.
Selection of the best fitting model was done on the basis of the Akaike Information Criterion (AIC). The AIC (Akaike, 1974 ) is given as follows.
Where is twice the difference in the log likelihood of the null model and the alternative model (Neyman and Pearson, 1928) and K is the number of parameters. The AIC uses deviance to measure model fit by penalizing for complexity. Since the sample size is small ( ), it is necessary to avoid bias by correcting for sample size. The corrected
AIC is given as
Where n is the sample size. (first and second moments) as estimating equations which are independent when withincountry observations are independent, or could assume any correlation structure. Application of GEEs to longitudinal data was elaborated by Dunlop (1994) in which estimating equations for the mean were shown to be identical to the generalized least squares. The GEE approach by Liang and Zeger (1986) uses estimating equations under weak assumptions about the joint distribution to obtain consistent estimates of the regression parameters.
For the forest area data, we fitted a GEE model with exchangeable working correlation matrix (assumes the same correlation for all observations within each country). Even though there are concerns of efficiency when the correlation structure is not correctly specified, Molenberghs and Verbeke (2005) highlight the fact that parameter estimates are consistent.
Since the mean and covariance do not necessarily have to be correctly specified, the empirical (robust) variance estimator was used to estimate the parameters.
RESULTS
Models with Linear effect of time was fitted and compared to models with quadratic and cubic effects of time. Table 2 shows that not only is the deviance smallest (LRT chi-square)
in the model with the linear time effect, but also it's not necessary to include a quadratic and cubic effect (AIC is 135.4 for quadratic effect and 138.6 for cubic effect). 
.16). The negative estimate indicates that the relationship is negative
with higher intercepts leading to lower slopes. This explains the reducing trend of forest areas over the years. The estimates of these random effects are shown in the appendix (Table 7) . 18 out of the 35 countries show a net gain or an approximate no net change in forest area over the time period. In 17 countries, there was a net loss of forest area over the time period.
The correlations of fixed effects are shown in the appendix (Table 6 ). Since the correlations are very low, it can be assumed that no effect in the model can be sufficiently accounted for by another. Multicollinearity is therefore not a problem.
DISCUSSION
In the country-specific model with random intercepts and slopes, the effect of time is negative implying a decreasing trend of forest area over the years. This negative relationship is also captured by the GEE, although in this case, is not significant. In the GLMM, the average rate of deforestation, if we control for other endogenous factors was 0.19% every year from 1990 to 2007. Based on the GEE, 0.24% of forest area was lost every year during the period of the study. Both models give approximately the same estimates. Estimates for 2010, 2020 and 2030 are based on the average model for each country. The assumption made is that the rate of change of forest area remains the same for each year.
Inequality adjusted HDI, the indicator for human development has a positive effects on forest area. It is statistically significant in the GEE as well as the GLMM (Pr>/t/<0.005). This relationship reflects the importance of improving on the various aspects of human development for individual countries. Improving the contributing factors of the Inequality adjusted HDI (Life expectancy, education and income) would therefore play a significant role in reducing deforestation in these countries.
Ores and metal exports as well as wood fuel production both have a negative effect on forest area even though these effects are not significant at the 5% level. The negative direction of their effects confirms the logical explanation that irresponsibly cutting down trees from the forests for firewood is damaging to the sustainability of the forests. Ores and metals are mostly mined from lands occupied by forests. This is evident in countries like Zimbabwe, Zambia and South Africa (Not included in the study) whose economies partly rely on the mining sector. The larger the size of the Agricultural land, the more prominent it is that there is a loss of forest area. Countries that have introduced or expanded agricultural lands for plantations and livestock have had to resort to deforestation.
The negative effects of Ores and mineral exports, wood fuel production and agricultural land were not captured by the generalized linear mixed model. However, the estimates are very small ( 0).
In Table 4 (Easterly, 2007) . This implies that, unless drastic actions are taken, the net loss of forest area will continue into the future.
Even though the level of human development significantly determines the rate of forest loss in the countries involved in this study, we must however be cautious not to generalise the concept. Many studies including Asongu and Jingwa (2011) have also shown that rapid population growth contributes to increasing pressure on forests.
CONCLUSION
In this study, we proposed two approaches to model changes in forest area in 35 African 
